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REMOTE SENSING AND GIS METHODS FOR MAPPING LAND COVER AND LAND 












































































































































































































































1.5 INTEGRATING AGGREGATED LAND USE DATA WITH REMOTELY SENSED 













































































































































































































A COMPARISON OF PIXEL-BASED AND OBJECT-BASED IMAGE ANALYSIS WITH 
SELECTED MACHINE LEARNING ALGORITHMS FOR THE CLASSIFICATION OF 

























































































































































































2.3.2 DATA SETS AND PROCESSING 


















































































 Spectral reflectance Vegetation indices Landscape  variables Texture  measure1
 Green   NDVI El e va ti on  Green  
 Red   Slope  degree s  Red  
 NIR   As pect degree s  NIR  
 SWIR   Topgra ph i c cl a s s 2  SWIR  
NDVI
DEM
1‐ "Angul a r s e cond  moment" te xture  ca l cu l a ted  for the  l i s ted  ima ge  l a ye rs





























Scale Color/Shape Smoothness/Compactness # of Objects Median area of objects (sq. m)
5 0.9/0.1 0.5/0.5 6,583 9401
15 0.9/0.1 0.5/0.5 937 69243













































































mean difference of all  its  sub‐objects  for a specific input 
layer. Distance of 1.



























































































































































































































































































































































































Pixel-based, Decision Tree Object-based, Decision Tree
CL MG RS RP WA WL Total Ua CL MG RS RP WA WL Total Ua
CL 27 3 0 0 0 2 32 84.38% CL 26 0 1 0 0 0 27 96.30%
MG 1 60 1 5 0 3 70 85.71% MG 1 63 1 1 1 3 70 90.00%
RS 1 0 13 0 0 0 14 92.86% RS 1 0 12 0 1 1 15 80.00%
RP 3 4 0 72 0 0 79 91.14% RP 3 4 0 80 1 2 90 88.89%
WA 0 1 0 1 23 0 25 92.00% WA 0 0 0 0 18 0 18 100.00%
WL 0 1 0 4 0 17 22 77.27% WL 1 2 0 1 2 16 22 72.73%
Total 32 69 14 82 23 22 242 Total 32 69 14 82 23 22 242
Pa 84.38% 86.96% 92.86% 87.80% 100.00% 77.27% Pa 81.25% 91.30% 85.71% 97.56% 78.26% 72.73%
Oa: 87.60% Oa: 88.84%
lower 95% CI: 82.78% lower 95% CI: 84.18%
upper 95% CI: 91.48% upper 95% CI: 92.52%
Pixel-based, Random Forest Object-based, Random Forest
CL MG RS RP WA WL Total Ua CL MG RS RP WA WL Total Ua
CL 27 2 0 0 0 0 29 93.10% CL 27 1 0 0 1 0 29 93.10%
MG 1 61 1 0 0 3 66 92.42% MG 0 65 1 0 0 1 67 97.01%
RS 1 1 13 0 0 0 15 86.67% RS 1 0 13 0 0 0 14 92.86%
RP 3 3 0 80 0 2 88 90.91% RP 3 3 0 82 0 0 88 93.18%
WA 0 0 0 0 19 0 19 100.00% WA 0 0 0 0 18 0 18 100.00%
WL 0 2 0 2 4 17 25 68.00% WL 1 0 0 0 4 21 26 80.77%
Total 32 69 14 82 23 22 242 Total 32 69 14 82 23 22 242
Pa 84.38% 88.41% 92.86% 97.56% 82.61% 77.27% Pa 84.38% 94.20% 92.86% 100.00% 78.26% 95.45%
Oa: 89.67% Oa: 93.39%
lower 95% CI: 85.13% lower 95% CI: 89.49%
upper 95% CI: 93.20% upper 95% CI: 96.17%
Pixel-based, Support Vector Machine Object-based, Support Vector Machine
CL MG RS RP WA WL Total Ua CL MG RS RP WA WL Total Ua
CL 24 2 1 1 0 1 29 82.76% CL 24 0 1 0 0 0 25 96.00%
MG 4 63 2 0 1 1 71 88.73% MG 3 68 1 0 0 0 72 94.44%
RS 1 1 11 0 0 0 13 84.62% RS 1 0 11 0 0 0 12 91.67%
RP 2 1 0 81 0 3 87 93.10% RP 3 1 0 82 0 0 86 95.35%
WA 0 0 0 0 20 0 20 100.00% WA 0 0 0 0 21 0 21 100.00%
WL 1 2 0 0 2 17 22 77.27% WL 1 0 1 0 2 22 26 84.62%
Total 32 69 14 82 23 22 242 Total 32 69 14 82 23 22 242
Pa 75.00% 91.30% 78.57% 98.78% 86.96% 77.27% Pa 75.00% 98.55% 78.57% 100.00% 91.30% 100.00%
Oa: 89.26% Oa: 94.21%
lower 95% CI: 84.66% lower 95% CI: 90.40%
































































































































































































































































































































































































































































































































MULTI-SCALE OBJECT-BASED IMAGE ANALYSIS AND FEATURE SELECTION OF 

















































































































































































































































































1 used as input for Level 1 image segmentation (see Table 2)
2 used as input for Level 2 image segmentation
3 used as input for Level 3 image segmentation
4 used as input for Level 4 image segmentation
Note: all variables listed were used in the calculation of 
selected object features (see Table 3)
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3.3.3 IMAGE SEGMENTATION AND OBJECT FEATURE SELECTION 




























































































Median Area of 
Objects (m 2)
1 10 0.1/0.9 0.5/0.5 92813 721
2 20 0.1/0.9 0.5/0.5 18306 3525
3 40 0.1/0.9 0.5/0.5 5382 11040
4 60 0.1/0.9 0.5/0.5 2251 30160

























(a ) Layer features Description
Mean Mean value of object for a specific input variable
Standard deviation Standard deviation of object for a specific input variable
Mean difference to neighbours The difference between mean values of an image object 
and neighboring image objects.
Mean difference to super-objects The difference between the mean value of an image object 
for a specific input layer and the mean value of it's super-
object
(b ) Texture features Description
Mean of sub-objects Standard deviation of the mean value of sub-objects for a 
given superobject














































































































































































































































0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
M-SPOT NDVI @ 10
M-SPOT NDVI @ 60
M-SPOT NDVI @ 40
M-SPOT r @ 40
M-SPOT r @ 60
M-SPOT pan @ 40
M-SPOT pan @ 60
M-SPOT g @ 40
M-SPOT g @ 60
M-SPOT g @ 10
M-SPOT r @ 10
M-LS NDVI  @ 40
M-LS NDVI  @ 60
M-LS NDVI  @ 10
M-SPOT nir @ 10
M-SPOT nir @ 40
M-SPOT pan @ 10
M-SPOT nir @ 60
M-LS nir @ 40
M-LS nir @ 60
M-LS mir @ 10
M-LS mir @ 40
M-LS mir @ 60
M-LS nir @ 10
M-SPOT NDVI 2nd @ 60
M-SPOT NDVI 2nd @ 40
M-SPOT NDVI @ 60
M-SPOT NDVI 2nd @ 10
M-SPOT pan @ 60
StdDev-SPOT NDVI 2nd @ 40
StdDev-SPOT NDVI 2nd @ 60




StdDev-SPOT NDVI @ 40
M-SPOT sw ir @ 60
M-SPOT sw ir @ 40





































































































































Class Crop land Exposed soil/rock Mixed grasslands Riparian Water Total
Reference Class Ua Per-class kappa (Ua)
Crop land 12 4 6 2 0 24 50% 0.47
Exposed soil/rock 0 80 5 0 0 85 94% 0.92
Mixed grasslands 5 0 52 2 0 59 88% 0.85
Riparian 1 0 0 100 0 101 99% 0.98
Water 1 0 0 0 27 28 96% 0.96
Total 19 84 63 104 27 297
Pa 63% 95% 83% 96% 100%
Per-class kappa (Pa) 0.60 0.93 0.78 0.94 1.00
Overall accuracy: 91.3% (95% lower and upper confidence limits: 87.4-94.2%)
Overall kappa: 0.882 (95% lower and upper confidence limits: 0.838-0.926)
Predicted Class
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0.0 0.5 1.0 1.5 2.0
SPOT NDVI @ 40
SPOT NDVI 2nd @ 40
SPOT NDVI @ 60
SPOT NDVI 2nd @ 60
SPOT NDVI @ 10
SPOT NDVI 2nd @ 10
SPOT pan @ 60
SPOT r @ 10
















(c ) Crop land
0.0 0.5 1.0 1.5 2.0
LS mir @ 40
LS nir @ 60
SPOT r @ 60
LS nir @ 40
SPOT pan @ 40
SPOT g @ 60
SPOT NDVI @ 40
SPOT r @ 40
















(b ) Mixed grasslands
0.0 0.5 1.0 1.5 2.0
SPOT NDVI @ 40
SPOT NDVI @ 60
SPOT NDVI @ 10
SPOT r @ 40
SPOT r @ 60
SPOT pan @ 40
LS NDVI  @ 40
SPOT pan @ 60
















(d ) Exposed soil/rock
0.0 0.5 1.0 1.5 2.0
SPOT NDVI @ 40
SPOT NDVI @ 10
SPOT NDVI @ 60
SPOT pan @ 40
SPOT g @ 60
SPOT r @ 40
SPOT pan @ 60
SPOT g @ 10


























































































































































































































































































































































































































































































A HYBRID OBJECT-BASED CHANGE DETECTION METHOD FOR USE WITH 





































































































































4.2.1 CHALLENGES TO OBJECT-BASED MAP UPDATING AND CHANGE 















































































































































































































































































































































































































































































































 a) static object change detection (SOCD)
Class No-change Change Total
Prediction Ua
No-Change 644 296 940 68.51%
Change 56 404 460 87.83%
Total 700 700 1400
Pa 92.00% 57.71%
Overall accuracy: 74.86% (95% lower and upper confidence limits: 72.50-77.11%)
b) combined object change detection (COCD)
Class No-change Change Total
Prediction Ua
No-Change 645 300 945 68.25%
Change 55 400 455 87.91%
Total 700 700 1400
Pa 92.14% 57.14%
Overall accuracy: 74.64% (95% lower and upper confidence limits: 72.28-76.90%)
c) hierarchical object CCA change detection (HOCD-CCA) using static objects from T0 
Class No-change Change Total
Prediction Ua
No-Change 692 368 1060 65.28%
Change 8 332 340 97.65%
Total 700 700 1400
Pa 98.86% 47.43%











































































































































































































































































































































































































INTERPRETATION OF CHANGE IN LAND COVER AND AGRICULTURAL LAND USE 
INTENSITY OVER A LARGE WATERSHED IN SOUTHWEST SASKATCHEWAN, 






























































































































"Blue" "Green" "Red" "Near-infrared" "Shortwave-infrared "Mid-infrared" "Thermal"
SPOT-5 2005-Aug-06 HRG-1 8-bits 10
SPOT-5 2005-Aug-06 HRG-1 8-bits 10
SPOT-5 2005-Aug-27 HRG-2 8-bits 10
SPOT-5 2005-Aug-27 HRG-2 8-bits 10
SPOT-5 2005-Aug-28 HRG-1 8-bits 10
SPOT-5 2005-Aug-28 HRG-1 8-bits 10
SPOT-5 2008-Jul-03 HRG-2 8-bits 10
SPOT-5 2008-Sep-30 HRG-2 8-bits 10
SPOT-5 2008-Sep-30 HRG-2 8-bits 10
Landsat-5 1990-Sep-05 TM 8-bits 30
Landsat-5 1990-Sep-05 TM 8-bits 30
Landsat-2 1976-Aug-14 MSS 6-bits 57
Landsat-2 1976-Aug-14 MSS 6-bits 57
* - band name designations are approximations
1,580-1,750 NA NANA 500-590 610-680 780-890 
NA700-800; 800-1100
450-520 520-600 630-690 760-900
500-600 600-700 NA NANA

























5.3.3 ANCILLARY DATA 
















1976 Landsat‐2 NDVI 60 0.5/0.1 0.5/0.5 406,012 28,800
1990 Landsat‐5 NDVI 60 0.5/0.1 0.5/0.5 470,367 16,200













































































































































5.4.1 AGREEMENT BETWEEN ESTIMATES OF CROPLAND AREA USING COA 





































































































































































































































































































































































































FUTURE RESEARCH DIRECTIONS 
 
Opportunities exist to extend this thesis. Potential avenues include: 
 
A) Spatial disaggregation of livestock related information 
 
Due to the lack of suitable imagery, it was not feasible to conduct a spatial disaggregation of 
stocking densities within the study area. In this thesis, stocking densities and associated waste 
manure production could only be summarized over relatively large CCS areas and normalized to 
CCS areas. Access to higher resolution earth observation imagery and/or appropriate business 
records might be used to locate feedlot operations across the study area, allowing for the 
effective spatial disaggregation of such data. Collecting multi‐date and multi‐source imagery 
(e.g., VNIR and SAR imagery) could be used to improve the discrimination between improved 
pastures and natural grasslands so that areas used for grazing can be effectively mapped. 
Although confusion would still remain as natural grasslands can be used as improved pasture 
and vice versa. Delineating areas that are deliberately set aside for grazing purposes would 
provide an opportunity to better quantify stocking densities within the region and associated 
environmental impacts.  
 
B) Detailed crop type mapping 
 
Broad land cover types were utilized in this study to facilitate the integration of earth 
observation imagery with varying spatial, spectral, and radiometric characteristics. With 
appropriate resources, the generalized land cover types used in this thesis could be expanded 
to better represent the variety of crop types found within the study area. Such an effort would 
have to balance detailed crop type mapping, which would be possible in later years, with what 
is actually achievable using relatively less suitable multispectral imagery in earlier years (e.g., 
Landsat MSS imagery). This detailed crop type mapping could then be used to determine the 
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relative amount of resources (e.g., fertilizer, water, pesticides, etc.) required to produce specific 
crops, or to assess carbon and nutrient cycling. While such an analysis can be conducted using 
agricultural census data alone, as shown in this thesis, the relative utility of examining 
additional information in a spatially explicit manner may lead to more compelling 
opportunities. 
 
C) Detailed riparian mapping and landscape assessment 
 
Since hydrological characteristics within the prairie provinces suggest that only a small portion 
of an entire watershed actually contributes flow to the main river stem, it would be 
advantageous to focus on mapping efforts that can provide a high level of detail of such 
hydrologically (and ecologically) relevant areas. This approach could utilize relatively advanced 
sources of remotely sensed information, such as that provided by hyper‐spectral or LIDAR 
sensors, to map vegetation characterises of riparian environments. Detailed field data on the 
abundance of certain sentinel species, used as indicators of overall aquatic ecosystem health, 
could be related to remotely sensed estimates of habitat cover. In addition, detailed landscape 
analysis could be conducted to assess whether the composition and configuration of land cover 
elements can be related to the condition of riparian environments. If so, this can be used to 
assess large swathes of area. In this thesis, preliminary information related to landscape metrics 
within the riparian environments was conducted. 
 
 
 
 
 
 
